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Abstract 
 
Generally, a discrepancy is observed between energy use for heating of dwellings, calculated by numerical models 
and actual energy use. This gap may be partially attributed to differences between assumed and actual occupant 
behavior. To account for the gap, a number of occupant behavioral models were made on thermostat settings, the 
likelihood that rooms other than the living room are heated, absence of occupant and shower duration. The 
behavioral models were applied to a database of 27,700 three-storey dwellings. The results show a significant 
reduction of the gap between calculated and actual energy use for dwellings of low thermal performance. 
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1. Introduction 
 
A recent development in the building industry in the Netherlands is the introduction of an energy performance 
guarantee for dwellings, either newly built or renovated to a high energy performance level (e.g. ‘net zero energy’ 
dwellings). An accurate prediction of the effect of household characteristics (household composition, preferences 
and behavior) on the energy performance of the dwelling, before and after renovation, is a key success factor for this 
development [1]. Unfortunately, a gap is generally observed between energy use for heating calculated by numerical 
models and actual energy use. This gap can be partially attributed to differences between assumed and actual 
Available online at www.sciencedirect.com
© 2015 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of the CENTRO CONGRESSI INTERNAZIONALE SRL
616   F.G.H. (Frans) Koene et al. /  Energy Procedia  78 ( 2015 )  615 – 620 
occupant behavior. In the energy model used for energy labeling in the Netherlands (and many other energy models), 
a ‘standard’ occupant is assumed, who is the same for all dwellings. In real life, user behavior varies significantly 
between occupants. In fact, studies show that user behavior can account for differences of up to a factor of 10 in 
energy use for heating [2], [3]. In [4] it was concluded that: “The spread in the natural gas consumption of individual 
dwellings in the same project appeared so large, due to the behavior of the occupants, that no statistically relevant 
correlation was found between energy performance and natural gas consumption.” The aim of the current study is to 
show that a refined approach, by feeding the behavior of a ‘specific’ occupant, instead of a ‘standard’ occupant to an 
energy model, can significantly reduce the gap between calculated and actual energy use for heating of dwellings. 
 
2. Datasets used 
 
The first data set used was that from the ‘Netherlands Housing Research survey’ [5] jointly carried out by 
Statistics Netherlands (CBS) and the Ministry of the Interior and Kingdom Relations. This resident survey contains 
detailed questions on energy related behavior such as thermostat settings, rooms heated, absence of occupants, 
shower duration etc. The responses to the survey, containing approx. 4000 records, were analyzed using multiple 
regression methods in order to estimate the parameters of the behavioral models discussed in the next section. In the 
next phase, the results of the behavioral models were applied to a second database of approx. 27,700 three-storey 
dwellings. This database was compiled by linking a number of micro databases on socio-economic characteristics of 
occupants from CBS to the national energy label database containing physical characteristics of the dwellings. The 
socio-economic databases included information on household composition, age and ethnicity of the occupants, 
income levels and income sources, dwelling ownership, natural gas consumption etc. The energy label database 
contained information on the type and size of the dwelling, its thermal performance, type of ventilation system, and 
the type of space heating and DHW (Domestic Hot Water) system. Data linkage was performed by CBS at address 
level, resulting in a large anonymized database, containing approx. 27,700 three-storey dwellings. 
 
3. Behavioral models 
 
Behavioral models were developed to derive ‘specific’ occupant behavior rather than a ‘one size fits all’ or 
‘standard’ behavior. The behavioral models take into account occupant characteristics such as age, income, 
household composition, work situation, dwelling-ownership and dwelling characteristics such as thermal insulation 
of the envelope (in particular: heat losses by transmission) and dwelling size. Separate quantitative models were 
developed to predict: 1) expected thermostat settings when present (for different periods of the day), 2) expected 
thermostat setting when absent, 3) likelihood of absence/presence (for different periods of the day), 4) likelihood of 
heating other rooms than the living room and 5) shower duration for domestic hot water use. 
The model development consisted of different steps. After an exploratory investigation of the statistical 
characteristics of each variable (distribution, median, mean, outliers etc.), the relationships between potential 
determinants and behavior were visually inspected using plots and subsequently investigated in univariate models. 
Where relevant, we accounted for non-linearity of relationships and skewed distribution of variables (e.g. by log 
transformations). Having selected potentially relevant determinants in the first step, in the second step the relative 
contribution of variables was assessed in dedicated multiple regression models. These models had to be custom- 
built, depending on the type of data available in the survey database and the distribution of the data for each endpoint 
(behavior) under study. For instance, for shower time, data was available at individual level (as compared to 
household level for other behavioral endpoints). Therefore, multilevel regression models had to be developed, 
capable of taking into account that data from individuals within the same household cannot be considered as 
‘independent observations’. 
With respect to heating, a range of occupant and dwelling characteristics (e.g. heat losses by transmission) 
showed a significant relationship with several behavioral endpoints. Amongst others, age appeared to be an 
important determinant of thermostat settings. Elderly people tend to heat their home at a higher temperature and (on 
average) show a substantially higher presence at home. These insights may not be new, but the relationships are now 
quantified, resulting in generic occupant behavioral models. A paper on the behavioral models is in preparation. 
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4. Simplified building model 
 
In order to calculate the energy use for heating of a dwelling, the energy model for energy labeling in the 
Netherlands was used. The reasons for using this model are 1) it is an accepted standard and 2) it could be modified 
to automatically process a large number of dwellings in a reasonably short time (typically 100,000 in 3 hours). 
However, this model takes as input an average indoor temperature for the whole dwelling. The conversion of a 
predicted temperature schedule, predicted absence levels, and the predicted likelihood of co-heating other rooms, all 
resulting from the behavioral models, into an average indoor temperature is addressed by using a simplified model of 
a dwelling. This model, called the Tav-model, calculates heat transfers between a number of connected temperature 
zones. For the three-storey dwelling considered in this study, the zones are: 1) the ground floor that we assume to be 
heated according to a certain thermostat schedule, 2) a part of the first floor that is heated according to a certain 
schedule, 3) the remainder of the first floor, that we assume to be unheated, but with a minimum temperature, and 4) 
the second floor, that we also assume to be unheated. The different zones exchange heat with each other and with the 
outside climate to a degree proportional to the temperature differences between them, and proportional to heat 
transfer coefficients Hi expressed in W/K, as illustrated in figure 1. Ambient temperature is assumed to be constant. 
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Fig. 1. Four zone model of a three-storey dwelling with heat transfer coefficients Hi determining the heat flow between zones and the ambient. 
 
The Tav-model calculates heat exchanges between zones and with the ambient for a period of a week with a time 
step of one hour. Input is the weekly thermostat schedule set by the occupants, resulting from the behavioral models. 
The Tav-model is able to use different temperature schedules on the ground floor and the heated part of the first floor, 
but since detailed user data for the temperature schedule on the first floor is lacking, we assume both schedules to be 
identical. We further assume that the weekly thermostat schedule is representative of the whole heating season. As 
an illustration, figure 2 shows set point temperatures or minimum temperatures in the four zones of the dwelling 
(left) and calculated temperatures (right). The average temperature in the dwelling is calculated by averaging the 
temperatures of the four zones over the week, and weighing them according to the floor area of eaT[°C]ch zone. 
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Fig. 2. Left: set point temperatures and Right: calculated temperatures in the four zones of a three-storey dwelling. 
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The Tav model assumes that each zone is at a uniform temperature. Assuming a first order model, the rate of 
heating (or cooling down) is determined by the ratio of net heat flows (from or to connected zones and the ambient 
plus heat gains) and the thermal mass of the zone. The Tav-model assumes quasi-stationary processes so the heat 
flows in one hour can be calculated from constant temperature differences and the heat transfer coefficients. 
The calculated temperature of each zone at the beginning of the next time step is compared to the set point 
temperature. If the calculated temperature of a zone is lower than the set point temperature for that hour, the set point 
temperature is maintained as the temperature for the next hour. This may be the case when the occupants turn up the 
thermostat in the morning. We assume that the heating system has sufficient capacity to heat the zone to the desired 
temperature level in one hour time. If the calculated temperature for a zone is higher than the set point temperature 
for that hour, (e.g. when the thermostat is turned down), the calculated temperature is taken as the temperature for 
the next hour. For the unheated zones, the set point temperature is simply the minimum temperature. 
The likelihood of other rooms on the first floor being heated, as predicted by the behavioral model, is translated 
into a percentage of that floor that is heated (with the remainder unheated). The behavioral models also predict the 
likelihood of absence for different periods of the day. Taking e.g. a likelihood of 20% of absence from 9 a.m. to 
3 p.m., this translates into a thermostat setting for ‘absence’ for 20% of weekdays for that period of the day. 
Occupants are assumed to be present during the weekend, as information from the survey on this topic is lacking. 
Shower duration is used to calculate the daily amount of hot water, assuming a fixed shower water flow rate, and 
adding a fixed amount of hot water for other DHW use e.g. from kitchen and bath room taps. 
 
5. Determination of parameters from measurements in 13 dwellings 
 
For the calculation of the zone temperatures, the Tav-model uses a number of parameters. Some of these are 
available from the energy labeling audit of the dwelling, such as the total heat losses of the thermal envelope. 
Unknown parameters are the heat transfer coefficients between the zones, heat losses of each individual zone to the 
ambient, heat gains and thermal mass of each zone. For the determination of these parameters, we analyzed 
temperature measurements in 13 three-storey dwellings (with four temperature zones each). In each zone, the 
temperature was monitored from December 2013 to April 2014 on an hourly basis. In the analysis, the Tav model 
was used to calculate the temperatures of each zone, on the basis of the values of measured temperatures in the 
surrounding zones and ambient temperatures from a nearby weather station. 
Determining values for the parameters from the analysis of the temperature measurements was rather a challenge 
as generally there is no set of parameters that provides an unambiguous ‘best fit’ between calculation and 
measurement. For each dwelling, we manually adjusted - within plausible limits - heat transfer coefficients between 
zones and for each zone we varied heat gains (solar plus internal), thermal mass and heat losses to the ambient (as a 
percentage of the total), until we arrived at an ‘acceptable fit’. For the heated zones we focused on periods of 
cooling down because heating powers in periods of heating were unknown. After obtaining an ‘acceptable fit’ for 
each of the 13 dwellings, we extracted generic values for the parameters, to be used in the analysis of 27,700 
dwellings. Table 1 lists the generic values of the parameters. 
 
Table 1. Generic values for parameters in the Tav model for a three-storey dwelling. 
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Earlier studies [6] indicated that for diurnal variations, only the inner 2-5 cm of walls, floors and ceilings play a 
role in the heat exchange with the indoor air. Indicative calculations were made on the basis of a simple geometric 
model for different sizes of dwellings, assuming respectively 2 and 5 cm of indoor wall thickness. The results from 
these calculations as well as the thermal masses resulting from the ‘acceptable fits’ are shown in the left of figure 3. 
Almost all ‘acceptable fit’ values for the thermal mass are found between the lines of 2 and 5 cm of effective wall 
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thickness. Therefore, for the thermal mass, a generic relation was used relating the thermal mass C in [MJ/K] to the 
volume of the building V [in m3] as C = 0.2·V - 6. This corresponds to an effective wall thickness of about 3.5 cm. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 3. Left: Effective thermal building mass vs. building volume: results from a simple geometric model and ‘acceptable fit’ results. Right: 
measured and calculated dwelling temperatures in 13 dwellings using generic values for all parameters. 
 
A sensitivity study was carried out to assess the sensitivity of the output of the Tav model for variations in 
parameters. The Tav model appeared to be rather insensitive to variations in parameter values. It is most sensitive to 
the values of heat transfer coefficients (typically 4% higher dwelling temperatures using 50% higher heat transfers) 
but less so to the thermal mass (typically 1% higher dwelling temperatures using 50% higher thermal masses). 
Using generic values for the parameters rather than optimal values for each individual dwelling will inevitably 
cause errors. To validate that this approach yields acceptable results, all temperature profiles of the 13 dwellings 
were re-calculated using generic values for all parameters. The dwelling temperatures calculated are compared to the 
measured values in figure 3 (right). The measured values and calculated values differ from -1.4°C to +2.7°C. The 
largest difference is found for dwelling no. 7. This is the only dwelling with thermal insulation applied between the 
first and the second floor. For this dwelling, the calculated temperature on the second floor is 10.3°C using dwelling- 
specific parameters and 15.6°C using generic parameters (measured 9.8°C). On average, the calculated values over 
the 13 dwellings are 0.2°C lower than the measured values, which seems an acceptably small difference. 
 
6. Application to a database of 27,700 dwellings 
 
The behavioral models were applied to a database of 27,700 three-storey dwellings. The gas consumption per m2 
of floor area (for space heating and DHW) is shown in the left of figure 4 for the different energy labels, with label 
A representing dwellings of good thermal performance and label G those of poor thermal performance. The red bars 
represent the actual consumption of natural gas in 2010. The dark blue bars represent the gas consumption calculated 
using the energy labelling software with a standard occupant, assuming an average indoor temperature of 18°C, and 
correcting for the number of heating degree days in 2010. The light blue bars represent the gas consumption 
calculated with a user specific indoor temperature for each dwelling that was calculated by feeding the output of the 
behavioral models to the Tav-model and with a user specific daily consumption of hot water. 
In the left of figure 4 we observe the discrepancy mentioned earlier between the actual gas consumption (in 2010) 
and the gas consumption calculated using a standard occupant. The discrepancy is most pronounced for buildings of 
poor thermal performance. Similar findings were reported in [7]. With specific occupants, characterized by the 
behavioral models, the discrepancy is significantly decreased for the low performance dwellings. This is partly  due 
to indoor temperatures being considerably lower than 18°C, as shown in the right of figure 4. Therefore, when 
renovating low performance dwellings, the indoor temperature must be expected to increase after renovation, 
reducing the effect of the improved building envelope on gas consumption. 
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Fig. 4. Left: average gas consumption [in m3 natural gas per m2 of floor area] of 27,700 dwellings (space heating and DHW) per energy label. 
Right: average indoor temperature per label, calculated with the Tav model. 
 
For the A-label dwellings, the gap actually increases when using ‘specific’ occupants. A possible explanation is 
that high performance dwellings, being more sensitive to imperfections in the thermal envelope or suboptimal 
operation of the heating system, actually perform worse than expected. For instance, actual air tightness or efficiency 
of heat recovery of the ventilation system may be lower than expected. 
It should be noted that the gap was not expected to disappear altogether for a number of reasons. First, the number 
of models we used is limited. In this study we did not model ventilation behavior, which can have a large effect on 
energy consumption for space heating. Second, one cannot expect to fully represent complex and sometimes non- 
rational human behavior by numerical models. 
 
7. Conclusions 
 
We developed an approach to quantitatively model occupant behavior related to thermostat settings, rooms heated 
and absence levels, and translated the results into a dwelling indoor temperature in order to refine the input to energy 
calculation models. A behavioral model of shower duration was used to refine the input for DHW consumption. 
When applied to a database of 27,700 three-storey dwellings, we were able to substantially reduce the gap 
between actual and calculated energy use for heating of dwellings of low thermal performance. An important reason 
for reducing the gap is that dwelling temperatures calculated by the Tav-model, are considerably lower than the 
standard value of 18°C generally assumed. The results show the way towards a more accurate prediction of energy 
use for heating and can facilitate the uptake of energy performance guarantees. 
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